Background. The factors behind the reemergence of severe, invasive group A streptococcal (GAS) diseases are unclear, but it could be caused by altered genetic endowment in these organisms. However, data from previous studies assessing the association between single genetic factors and invasive disease are often conflicting, suggesting that other, as-yet unidentified factors are necessary for the development of this class of disease.
M A J O R A R T I C L E

Genes for the Majority Of Group A Streptococcal Virulence Factors and Extracellular Surface Proteins Do Not Confer an Increased Propensity to Cause Invasive Disease
Invasive diseases associated with group A streptococcal (GAS) infection have reemerged in the past 25 years and are occurring with increased incidence [1] [2] [3] . Although several different M-types have the capacity to cause invasive disease, 2 serotypes, M1 and M3, are most commonly recovered from severe disease cases [4, 5] . Because the propensity to cause different diseases appears to vary from M-type to M-type (and even from strain to strain), it is generally believed a relationship between the possession of a particular virulence gene(s) or allele(s) and streptococcal disease outcome exists. It has also been postulated that changes in genomic content are also responsible for the observed increase in invasive disease [6] [7] [8] . However, studies assessing the association between specific genes and disease have failed to reach a clear consensus [5, [9] [10] [11] . For instance, the association between invasive diseases and the genes encoding streptococcal exotoxins, such as speA and speC, which are thought to be important in invasive disease, have been variably reported [11] [12] [13] .
For a study addressing associations between virulence genes and diseases, it is meaningful to recover strains from a defined region of low GAS endemicity and within a specified period of time to minimize the effects of panmixia with recently introduced strains. Given the conflicting data relating to individual genes and streptococcal disease, molecular epidemiological studies focusing on only a few of the virulence genes are of limited value. In addition, when examining the entire set of known or well-characterized virulence genes, it is important to understand the variations in the distribution of other as-yet uninvestigated genes and proteins to derive a global perspective of genomic makeup and disease propensity.
In this study, we performed extensive virulence profiling on a cross-section of GAS isolates recovered during a defined time period from patients who presented at hospitals and health care centers with invasive and noninvasive disease in The Netherlands. Profiling, combined with sophisticated machine learning techniques, allowed us to identify 3 genes that showed a marginal overrepresentation in invasive disease isolates.
METHODS
Bacterial isolates.
A surveillance program for invasive GAS disease was conducted in The Netherlands from 1992 to 2003 [14] . From this program, 42 isolates were selected from patients presenting with invasive disease. These isolates comprised the most common invasive M-types (i.e., M1, M3, M6, M28, and M89). A total of 28 of these isolates were associated with streptococcal toxic shock syndrome (STSS), and the remainder were from individuals presenting with other invasive diseases (primarily bacteremia). Twenty-six isolates of matching M-type collected from patients presenting with superficial noninvasive disease (e.g., pharyngitis or otitis/sinusitis) during the same time period were defined as the noninvasive control set. By including the multiple M-types, overrepresentation due to clonal expansion of individual strains was minimized.
Microarray design and hybridization. To assess the complete virulence gene content of isolates, we designed a targeted GAS virulence array. The array includes 74 genes encoding classical GAS virulence factors or genes which are homologous to virulence genes of other species, as well as 144 open-reading frames identified in the M1, M3, and M18 genomes that encoded proteins containing motifs (i.e., a signal sequence and the presence of a single transmembrane domain [15] [16] [17] ) consistent with extracellular localization, 9 positive control genes, and 9 negative control sequences. Genomic DNA extracted from each GAS strain underwent restriction fragment digestion, labeled through incorporation of dCTP-biotin, and hybridized to the array. After hybridization, arrays were washed, incubated with streptavidin-Cy5, and scanned. Raw fluorogenic intensities for each gene were determined and subsequently normalized against the positive and negative control signals.
Statistical analysis. Initially, t tests were used to assess the differences in gene frequencies between invasive and noninvasive groups. Subsequently, 3 machine learning methods were also employed to compare the invasive and noninvasive isolate datasets. In every instance, the classification strategy always defined noninvasive Streptococcus isolates as the "negative" set, and, in separate experiments, either all invasive isolates or only those associated with STSS were defined as the "positive" set. In separate trials, the set of genes that was considered was limited either to those that were over-or underrepresented in the positive set or to only those that were overrepresented. Assignment of isolates to the correct category by different methods was assessed using a classification accuracy score [18] .
Genetic algorithm neural network (GANN) [19] is an artificial neural network-based approach that uses a genetic algorithm to select for independent variables (in this instance, particular genes) that are good classifiers, either individually or in combination with other variables. In each iteration of the genetic algorithm, 1000 combinations of 4 genes each were used to train a set of neural networks. The combinations that yielded the best classification accuracy on the test set of isolates (see below) were selected, recombined, and retained in the following iteration. One hundred iterations were performed, and the effectiveness of different genes in classification was assessed via their contribution to high classification accuracy on the test set and by their frequency in the final iteration of the genetic algorithm, because genes that are good classifiers are likely to spread through the genetic algorithm population over time. In addition, 2 other common classification techniques, support vector regression and classification trees, were used to analyze the data [20] [21] [22] [23] .
RESULTS
Overview of gene distribution.
Of the 226 genes represented in the virulence array, 129 (57%) were found in all isolates irrespective of disease status or M-type, and 160 (71%) were found in 180% of isolates. We next divided the genes on the array into those representing well-characterized GAS virulence factors and those that were identified through the bioinformatic analysis as hypothetical virulence factors. Of the 73 well-characterized GAS virulence factors analyzed here, 17 were known to be phage associated, and the remaining 56 were chromosomally encoded genes. Our data show that two-thirds of the chromosomally encoded genes are ubiquitously present (found in 199% of all isolates) with the frequency of the remaining genes ranging from 11% to 94% (table 1) . Genes for extracellular proteases and chromosomally encoded toxins as a group are highly ubiquitous. By contrast, only 2 (5%) of 37 phageassociated genes are found in 199% of all isolates. These observations show that, although variation in the repertoire of virulence characteristics in GAS is contributed to by both phage-associated and chromosomally encoded genes, the former has overwhelming influence.
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Hyaluronidase-phage 52 the adhesins. As a group, the fibronectin-binding genes were much more variable in their distribution. Only 1, the putative fibronectin-binding, protein-like protein A, was present in all isolates. Of the non-fibronectin-binding proteins, 2 putative collagen-binding proteins were found in !40% of isolates. R28, found in 55% of the isolates, including all M28 isolates, is a homologue of the Rib protein in Streptococcus agalactiae [24] [25] [26] . Of the remaining 20 chromosomally encoded virulence factors, 17 (85%) were found in 190% of isolates. The associations between individual genes and invasive disease. The observation that some GAS strains are isolated from patients with invasive disease more often than other strains gives weight to the hypothesis that specific genetic differences in GAS strains account for their disease-causing propensity. These genetic differences may be at the nucleotide level or in the gene content, or they may reflect differences in expression patterns of certain virulence factors. An alternative hypothesis is that the increased isolation of these strains may reflect the increased presence of these strains in the community [27] . Both the increased "virulence" and increased "fitness" hypotheses can be explained by changes in the genetic content of invasive isolates when compared with other isolates. To test these hypotheses, we first used t tests to compare the frequency of every gene in the invasive set, compared with the noninvasive set. However, no statistically significant differences (defined as ) were observed. A similar comparison between non-P ! .05 invasive isolates and isolates collected from patients with STSS, representing "severe" invasive disease, also failed to find any differences in gene distribution.
Because exotoxins may have a role in STSS and may be important in invasive GAS disease, we next analyzed their distribution among the isolates recovered from invasive and noninvasive cases of illness (figure 1). The 3 chromosomally encoded exotoxins (smeZ, mf25 and speG) were found in all isolates. In contrast, all bacteriophage-encoded exotoxins, apart from speA, were found in !50% of the isolates. The most abundant phage-encoded exotoxin gene, speA, was found in 54% of isolates. speC and speM were found in 44% and 43% of isolates, respectively. The least common exotoxin, speL, was found in only a single M6 isolate. Once again, t tests found no statistically significant differences between the distribution of any single exotoxin in "invasive" and "noninvasive" isolates. Closer examination of the distribution found the majority of these genes had an M-type-specific distribution, reflecting the distribution of the respective bacteriophages carrying these genes. Comparisons made within M-types also failed to find an association between any specific exotoxin and propensity to cause disease ( ). Although differing in the distribution, P ! .05 invasive and noninvasive isolates had similar numbers of exotoxin genes in their chromosomes (6.8 vs. 6.7) (table 2) .
Machine learning analysis. Given the complexity of invasive disease, it is likely that multiple genes are required for progression from initial infection to full invasive disease. The bacteria have to successfully colonize, cross mucosal surfaces, and survive and proliferate in normally sterile body sites. We, therefore, used 3 different machine learning methods in an attempt to identify genes and combinations of genes that are more prevalent in invasive isolates (all invasive isolates or STSS isolates), compared with noninvasive isolates. The classification accuracy values obtained using all invasive isolates as the positive set are summarized in table 3 for all combinations of method and set of genes used. For each trial, the maximum test set prediction accuracy obtained from each of the 10 experimental runs is compared with the same quantity from negative control runs in which positive and negative set members were randomly reassigned. The associated P value was calculated using a 1-tailed Wilcoxon signed rank test and expresses the probability that the increase in predictive accuracy associated with the experimental set is because of chance. The GANN scores are particularly high, because they represent the maximum value from a large set of such test scores. The only P value !.01 that was observed is associated with the GANN runs performed on genes overrepresented in invasive Streptococcus isolates; however, the P values from the corresponding support vector machines and classification tree runs are both close to the statistically significant value of . Although P p .05 the difference between experimental and negative control sets is small (5.4% in the GANN runs), the consistently low P values may indicate a small but statistically significant effect of 1 or a few genes on classification accuracy. Only 3 genes were retained in at least 5 of the 10 experimental replicate runs in the GANN trial comparing all genes from "invasive" versus "noninvasive" isolates: streptococcal protective antigen (spa; 9 of 10 replicates), streptococcal superantigen (ssa; 5 of 10), and a bacteriophage-associated mitogenic factor (mf4; 5 of 10). These genes were also retained in multiple replicates of runs investigating only those genes that were overrepresented in invasive isolates (spa [6 of 10 replicates], mf4 [4 of 10] , and ssa [2 of NOTE. GANN, genetic algorithm neural network; SVM, support vector machines; tree, classification tree. a Prediction accuracies are mean values across 10 replicates of the corresponding run. For GANN, the maximum test set accuracy from the entire run of a given replicate contributes to the mean. P values shown were calculated using a 1-tailed Wilcoxon signed rank test; consequently, there is no P value reported when the prediction accuracy for the negative control set was higher than that for the the experimental set.
10])
. When the analysis was repeated comparing isolates collected from patients with STSS with noninvasive isolates, the only P value !.01 was associated with the GANN runs on the "overrepresented" data set. The only gene that was retained by a majority of experimental replicates in the "STSS-only overrepresented genes" run was spa, which was still present in 9 of 10 replicates. This was also the only gene retained by most replicate runs (7 of 10) on the STSS over-and underrepresented trial data set.
DISCUSSION
This is, to our knowledge, the first study involving a very large set of purported GAS virulence genes and strains recovered from a small geographical region purported to have low GAS endemicity. Our data clearly demonstrate that some GAS virulence genes are unevenly distributed among isolates and that the class of gene can be used as a predictor of gene conservation. Genes encoding fibronectin-binding proteins and virulence genes present on bacteriophage sequences demonstrate the greatest variation in distribution. In contrast, other chromosomally encoded toxins and proteases, most other adhesins, and proteins of putative or unknown function are found in virtually all GAS isolates. Genes encoding proteins of unknown function with variable distributions were invariably found to be associated with bacteriophage sequences.
Despite the large number of virulence gene studies and the large number of isolates analyzed, we were unable to detect a statistically significant difference in the distribution of any gene in the invasive and noninvasive strain sets using traditional statistical methods. Machine learning methods were, therefore, employed in an attempt to identify genes or groups of genes that were overrepresented in invasive isolates. Machine learning methods are becoming powerful tools for the complex analysis of large datasets and have been applied to diverse problems ranging from epidemiology to detection of motifs in DNA sequences [19, 28, 29] . Their advantage lies in their ability to identify patterns, classifications, or associations that, either because of complexity or the large dataset size, are not evident to the investigator. Our study was the first to employ these methods to comparative genomic studies of streptococci. Using GANN, we were able to identify 3 genes that were slightly overrepresented in isolates collected from patients with invasive disease; all 3 learning methods utilized here also appeared to provide accurate statistically significant classification when overrepresented genes were used to distinguish between invasive and noninvasive isolates. Both ssa and mf4 encode superantigens and are carried on bacteriophages, which themselves show restricted M-type distributions. In several other studies, superantigens have been linked to invasive disease [30] . In the present study, unlike mf4 and ssa, genes encoding other superantigens did not segregate with invasive or noninvasive isolates. In this study, mf4 was found in only M3 isolates. ssa Was found in all M3 isolates, but in only a restricted number of M12 isolates and a single M89 isolate. Thus, although they show an overrepresentation with invasive disease, mf4 and ssa can only account for increases in the propensity of M3 and M12 isolates to cause invasive disease and can not account for the invasive capacity of strains of different M-types. In contrast, spa was found in 38% of invasive isolates but in only 19% of noninvasive isolates and is found in isolates of all M-types but not in all isolates within any specific M-type. Although demonstrated to be important in virulence, a functional role for spa has yet to be ascertained [31] .
Invasive streptococcal disease can differ in both presentation and pathogenic features [32] . This, in turn, suggests that strains associated with different invasive diseases may possess unique genetic factors that may provide an impediment to the comparative nature of the present study. For all invasive diseases, GAS must first cross mucosal barriers to establish infection in sterile environments, suggesting the presence of common factors involved in bacterial transmission and survival. The combined reemergence of these invasive diseases in the past 25 years is a further argument for the presence of shared virulence factors in invasive isolates. Both the invasive and noninvasive isolates used in this study were collected from patients with some type of GAS-associated disease, and therefore, they represent a potential strain bias towards disease-causing isolates. It is also conceivable that under different conditions, some of the noninvasive isolates may be capable of initiating invasive disease and, therefore, obfuscate the results of comparative studies. However, there is no evidence in the literature to suggest that strains associated with noninvasive diseases, such as pharyngitis and otitis, are more or less likely to be associated with invasive disease than isolates collected in community studies which represent "nondisease" strains [33] . Given that a large proportion of individuals may carry GAS asymptomatically [34] and that the incidence of noninvasive diseases far outweigh that of invasive diseases [35] , we also believe that there is a minimal chance that a statistically significant number of the strains in our control have the capacity to cause invasive disease.
Our data also provide valuable new insights into the minimum genomic content of GAS required for virulence. The conserved genes present in all isolates are likely to be employed in core virulence or housekeeping functions, such as immune evasion, bacterial transmission, or metabolism, and are essential for the bacteria to survive and multiply within the host. The dispensable nature of genes encoding fibronectin-binding proteins and exotoxins suggest the functionality afforded by these proteins is not critical to the overall fitness of the organisms but may impart new virulence characteristics. With respect to the presence of a core set of genes that may be supplemented with dispensable genes, our study has similar findings to that of the study by Tettelin et al. [36] , which undertook comparative genomic comparison on 8 group B streptococcal genomes. In contrast to the closed bacterial genomes of other species, the group B streptococcal pangenome is open. Although it is not a full genomic comparison, our data, as well as the polylysogenic of the GAS genome, suggest it may be open. The influx and efflux of genes from GAS and other streptococci would enable the continuous mixing of genes, some combinations of which may result in increased virulence.
The lack of any strong correlation between any gene and invasive disease further emphasizes the complexity of streptococcal disease. Although this study has focussed of differences at the gene content level, differences in the expression of virulence genes [37] or allelic differences may also be important in the development of invasive disease [38] . Host susceptibility, particularly in relation to responses to individual strains, may be another factor that determines individual disease outcomes [39] . In this regard, the interaction between host HLA molecules and specific superantigens may well be a critical factor in determining the outcome of invasive disease [30] . Extending this study to investigate expression profiles of these and other GAS virulence factors in appropriate models of infections is a logical next step in the identification of genes that contribute to invasive disease.
